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Motivation

* A new paradigm for data-driven, model-agnostic new physics searches at colliders is emerging

* Aims to leverage recent breakthroughs in anomaly detection (AD) techniques
exploiting artificial intelligence (Al) [Dark Machines, LHC Olympics 2020]

 Most of the AD techniques using offline reconstructed data assume that the particle
reconstruction is effective, but what if it’s not the case?

« GOAL: develop an Al algorithm for real-time detection of anomalous, non-QCD-like, events, in a high-level trigger
(HLT) system at the LHC, where QCD is an overwhelming background for several new physics searches

* Use case: for Soft Unclustered Energy Patterns (SUEP) detection [JHEP 08 (2017) 076], in the CMS HLT system
[JINST 12 (2017) P01020]
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https://link.springer.com/article/10.1007/JHEP08(2017)076#citeas
https://iopscience.iop.org/article/10.1088/1748-0221/12/01/P01020
https://www.darkmachines.org/index.php
https://lhco2020.github.io/homepage/

Methodology

A computer-vision problem:

» data are represented as RGB images

« Energy deposits (in #-¢ plane) in the inner-

tracker, ECAL and HCAL sub-detectors of the
CMS detector

 Exploit a convolutional neural networks-based
autoencoder (or ConvAE) to learn what a typical
QCD event looks like and focus on outliers

The CMS Experiment [JINST 3 (2008) S08004]

CMS DETECTOR STEEL RETURN YOKE

Total weight : 14,000 tonnes 12,500 tonnes SILICON TRACKERS
Overall diameter :15.0 m Pixel (100x150 pm) ~16m* ~66M channels
Overall length :28.7m Microstrips (80x180 ym) ~200m?> ~9.6M channels
Magnetic field :38T
SUPERCONDUCTING SOLENOID
—— Niobium titanium coil carrying ~18,000A

MUON CHAMBERS
Barrel: 250 Drift Tube, 480 Resistive Plate Chambers
Endcaps: 468 Cathode Strip, 432 Resistive Plate Chambers A

PRESHOWER
Silicon strips ~16m? ~137,000 channels

FORWARD CALORIMETER e
Steel + Quartz fibres ~2,000 Channels

CRYSTAL
ELECTROMAGNETIC

?ALORIMFTFR (llj' V\S AL) \\i\iz \\ v 4

N = “E 3 /
== 2 2 "\ /

‘ 2 9 ) \ \\ \' | } N . PN S

N R X
76,000 scintillating PbWO, crystals \ D N / A7

‘\Q y/ s i
\ e S b N[
/ N > N |
Ny @ L
HADRON CALORIMETER (HCAL) \
Brass + Plastic scintillator ~7,000 channels \ ) r L
! Y\ /
N JER 2

ICHEP 2022, 6—13 July, 2022 Simranjit S. Chhibra; Unsupervised learning for real-time SUEP detection


https://iopscience.iop.org/article/10.1088/1748-0221/3/08/S08004

Autoencoders | Convolutional Neural Networks

Convolutional
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https://learning.oreilly.com/library/view/hands-on-machine-learning/9781492032632/

Events generation/simulation and selection

 Generation: Pythia8.244

* Center-of-mass energy = 13.6 TeV .
 QCD: 1M events } .
 SUEP: 100k events per scalar boson (S) mass value

« S mass = {125, 400, 700, 1000} GeV

 Dark meson mass =2 GeV and BR = 100% (2 dark photons)
« Dark photon mass = 0.7 GeV and BR = 15% (ete’), 15% (u*tu’), 70% (r+x)

* Dark temperature = 2 GeV

 Simulation: Delphes3.5.0 (<#pile-up events> = 50)
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https://pythia.org/pythia82/
https://cp3.irmp.ucl.ac.be/projects/delphes

Energy deposits for a QCD event

» Total pixels = 288x360x3 ~0.3 megapixels, defined by ECAL granularity
« HCAL granularity = ECAL granularity / 25 — each HCAL pixel is divided in to 25 pixels and as well the pixel energy

Trk ECAL HCAL
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 Highly-sparse data: ~0.5% (~1.6k) pixels have Et > 0 GeV
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Energy deposits for a SUEP(1 TeV) event

e A clear anomalous (spherically-symmetric in ¢) signature wrt QCD!
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ConvAE architecture

Optimiser = Adam(lr = 0.001)

Total trainable parameters = 3,574,065

Layer (kernel size, strides) Shape BatchNorm | Activation
Input (288, 360, 3)

- Conv2D(3, 3) (96, 120, 128) yes PReLU RelU PRelU
a Conv2D(3, 2) (48, 60, 64) yes PReLU 91 1
3 Conv2D(3, 2) (24, 30, 32) yes PReLU = 0=
i Conv2D(3, 2) (12, 15, 16) yes PReLU — > :
LS Conv(3, (2, 3)) (6, 5, 8) yes PReLU e

Conv2DTrans(3, (2, 3)) (12, 15, 16) yes PReLU
o T T _)x  ifx>0 x;  ifx;>0
] Conv2DTrans(3, 2) (24, 30, 32) yes PReLU Rew(")‘{o ifx <0 PReLU(xi):{aixi ifx; <0
Q Conv2DTrans(3, 2) (48, 60, 64) yes PReLU
L Conv2DTrans(3, 2) (96, 120, 128) yes PReLU

Conv2DTrans(3, 3) (288, 360, 3) yes ReLU

« Data pre-processing: data are normalised such that they are of ©(1) — stable learning process
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ConvAE training

 Commonly-used loss functions such as MSE, MAE, Huber, and
cross entropy failed due to highly sparse nature of data

Xirain - D0k QCD events
 We use 1/Dice coefficient [arXiv:1807.10097] as a loss function, Xpal : 50k QCD events
which focuses on similarity of input and output pixels batch size = 128

GPU: NVIDIA Tesla V100 PCle 32 GB
Training time/epoch: ~25 min

Loss = 2 (X )+ () 1 (X = input; Y = output)

2X> (X-Y)

Training History

— training

104 - . .
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loss
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https://arxiv.org/pdf/1807.10097.pdf

ConvAE reconstruction: a QCD test event

INPUT RECONSTRUCTION
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ConvAE reconstruction: a SUEP(1 TeV) test event

INPUT RECONSTRUCTION
Trk+ECAL+HCAL
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True ET vs Reconstructed Er

Xiest - 4k QCD events

e Sum of all pixels’ Er
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ConvAE loss for anomaly detection

Xiest - 4k QCD events
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1/reconstructed E1 for anomaly detection
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Conclusions

* A convolutional neural networks-based autoencoder (or ConvAE) has been developed for real-time
anomaly (non-QCD-like events) detection in a high-level trigger system at the LHC

* Data are represented as RGB images, i.e., energy deposits in CMS inner-tracker, ECAL and HCAL

* The biggest challenge, highly-sparse data, has been tackled by using 1/Dice coefficient as a loss
function

* ConvAE inference time: | CPU: Intel(R) Core(TM) i5-9600KF CPU 3.70GHz | ~20 ms

* For Soft Unclustered Energy Patterns (SUEP) detection:

Bkg. mistag rate
Signal eff. | ConvAE loss | 1/reconstructed E
SUEP(1 TeV) 0% 10.3% 2.0%
SUEP(700 GeV) 40% 13.4% 2.9%
SUEP (400 GeV) 40% 17.4% 5.2%
SUEP(125 GeV) | 40% 16.0% 11.9%

* Performance comparison with supervised learning techniques is ongoing

* We plan on testing the performance for additional new physics signals

 Documentation is underway!
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Events selection

# events
=

QCD
SUEP(1 TeV)

T

10 £

 Event selection: 1: HIH w
A PTEa | I N |  | o

1 1 1 1 1 1
0 . 1000 2000 3000 4000 5000

e || <2.5 | "

e Jotal transverse energy (Ht) > 500 GeV (typical at the HLT after Level-1 trigger selection in Run3, e.qg.,
in CMS)

* QCD selection efficiency: ~85%
 SUEP selection efficiency: ~2.1% (125 GeV), ~10.4% (400 GeV), ~18.4% (700 GeV), ~22.7% (1 TeV)
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ConvAE summary

_________________________________________________________________ p_re_lu_4 (PRelLU) (None, 6, 5, 8) 240

Layer (type) Qutput Shape Param#
input_1 (InputLayer) [(None, 288, 360, 3)] @
_________________________________________________________________ batch_normalization_5 (Batch (None, 12, 15, 16) 64

conv2d (Conv2D) (None, 96, 126, 128) 3s84
_________________________________________________________________ p_re_lu 5 (PRelLU) (None, 12, 15, 16) 2880
batch_normalization (BatchNo (None, 96, 1286, 128) 512
_________________________________________________________________ conv2d_transpose_1 (Conv2DTr (None, 24, 30, 32) 4640
p_re_lu (PRelLU) (None, 96, 120, 128) 14745606
_________________________________________________________________ batch_normalization_é (Batch (None, 24, 30, 32) 128
conv2d_1 (Conv2D) (None, 48, 68, 64) 73792
_________________________________________________________________ p_re_lu_ 6 (PRelLU) (None, 24, 30, 32) 23040
batch_normalization_1 (Batch (None, 48, 60, 64) 256
_________________________________________________________________ conv2d_transpose_2 (Conv2DTr (None, 48, 60, 64) 18496
p_re_lu_1 (PRelLU) (None, 48, 68, 64) 184320
_________________________________________________________________ batch_normalization_7 (Batch (None, 48, 60, 64) 256
conv2d_2 (Conv2D) (None, 24, 38, 32) 18464
_________________________________________________________________ p_re_lu_ 7 (PRelLU) (None, 48, 60, 64) 184320
batch_normalization_2 (Batch (None, 24, 38, 32) 128
_________________________________________________________________ conv2d_transpose_3 (Conv2DTr (None, 96, 1206, 128) 73856
p_re_lu_2 (PRelLU) (None, 24, 30, 32) 238406
_________________________________________________________________ batch_normalization_8 (Batch (None, 96, 126, 128) 512
conv2d_3 (Conv2D) (None, 12, 15, 16) G624
_________________________________________________________________ p_re_lu 8 (PRelLU) (None, 96, 120, 128) 1474560
batch_normalization_3 (Batch (None, 12, 15, 16) &4
_________________________________________________________________ conv2d_transpose_4& (Conv2DTr (None, 288, 360, 3) 3459

p_re_ lu_ 3 (PRelLU) (None, 12, 15, 16) 2880 ..
_________________________________________________________________ batch_normalization_9 (Batch (None, 288, 360, 3) 12
conv2d_4 (Conv2D) (None, 6, 5, 8) 0 )
_________________________________________________________________ activation (Activation) (None, 288, 366, 3) ¢
batch_normalization_[, ( Batch ( None , 6 , 5 ] 8 ) 32 e - - >

_________________________________________________________________ Total params: 3,575,047

p_re_lu_4& (PRelLU) (None, 6, 5, 8) 240 Trainable params: 3,574,065
Non-trainable params: 982
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ConvAE reconstruction: a QCD test event

INPUT RECONSTRUCTION
Trk+ECAL+HCAL
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ConvAE reconstruction: several QCD and SUEP(1 TeV) test events

QCD

Trk+ECAL+HCAL
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ROC curves in log scale

ConvAE loss for anomaly detection

1/reconstructed Et for anomaly detection
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1/True Et

Additional ROC curves in log scale

reconstructed Er
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